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Abstract—Theory construction is the process of formulating
scientific theories with reference to explicit logical and semantic
criteria. Definitions and associated terms are essential compo-
nents of the theory, in which parsimony is a crucial criterion
for theory evaluation. The present work offers a novel semantic
content-based recommendation system with supervised machine
learning model for theoretical parsimony evaluation by checking
the semantic consistency of definitions while constructing theo-
ries. Specifically, we evaluate the XGBoost tree-based classifier
with the combination of 15 low-level features and 11 high-level
features on our dataset. A sociologist annotated in-house dataset
consisting of 2, 235 definition pairs drawn from the sociological
literature is used for evaluating the proposed methods. The
experiment results showed that the proposed system achieves
86.16% accuracy, 84.42% F-measure and 86% precision in
suggesting semantically related sociological definitions.

Index Terms—semantic analysis, content-based filtering, rec-
ommendation system, sociology, theory construction

I. INTRODUCTION

In the social sciences, theory construction is the research
process of building theories, where theories are used to explain
and predict observed phenomena in the natural world [1], [2].
Terms represent concepts or ideas in a theory, and their mean-
ings are explicated in the definitions [1], [2]. The parsimony
principle – as exemplified by the notion of Occam’s Razor –
using relatively few definitions (terms) for theory construction,
is an important criterion for evaluating the quality of theories
[1]–[4]. Conventional methods for parsimony analysis in social
science theory construction are based on abductive heuristic
approaches, which are determined by the human, and the
results are often lack of coherence and logical integrity [1],
[4]. Little effort has been paid to encouraging a more scientific
approach through the use of statistical models.

In this paper, we propose a novel approach using content-
based recommendation system (CBRS) to promote the par-
simony of a theory [7]–[9]. Specifically, during the process
of theory construction, the CBRS calculates the semantic
similarities [17] of user-entered definitions, then provides
suggestions to eliminate redundancies. This ensures the se-
mantically similar definitions for different terms are made to
converge into one definition for a single term.

With the explosion of big data and model-based CBRS [11],
[12], [23]–[25], there are multiple approaches to tackle this
problem. One of them is a semantic ontology-based approach,
which use of WordNet [17]–[19] in enhancing semantic-
based analysis where hierarchies of concepts are built to
capture conceptual relations between words and sentences.
This approach performs well on the general domain, but many
sociological terms are utilized and/or defined differently from
generic English.

Another promising approach is based on Latent Semantic
Analysis, which originates from the principle that words used
in the same context tend to have similar meanings. Semantic
relatedness is discovered through matrix factorization [31].
This approach performs well on various CBRS [24], [25], and
is considered as the baseline method.

In recent years, word embeddings and sentence embeddings
have produced high-quality representations for words and
sentences on a wide spectrum of natural language understand-
ing applications [20], [30]. Especially, deep neural language
models have demonstrated the efficacy by using pre-trained
language models followed by fine-tuning dataset and achieved
state-of-the-art results in semantic similarity related tasks [20].
Considering the excellent performance on representing the
semantic similarities, the definitions in our study are embedded
with Transformer in [20].

The proposed SOciology RECommender (SOREC) is de-
signed to check the semantic consistency of sociological
definitions, which consists of three components: data pre-
processing, feature extraction, and definition recommendation.
For data pre-processing, the definitions were extracted from a
collection of sociological books, then annotated by sociolo-
gists. Prior to feature extraction, definitions were tokenized,
stop words were removed, and all words were converted to
the lower case. For feature extraction, we exploit 15 low-level
features from the basic properties of definitions and the edit
distance, 11 high-level features from the embedding-based dis-
tance metrics. For definition training and recommendation, we
adopt XGBoost [35] on the feature representations extracted
from 26 features to predict the definition similarity. To the
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best of our knowledge, our work is the first attempt to use
machine learning-based CBRS on promoting the parsimony
for sociology theory construction.

The main contributions of this paper are as follows: (1) We
proposed a novel semantic CBRS which adapted specifically
for our domain of interest. (2) We compared the importance
of the feature sets and analyzed the impact of each feature set.
(3) Additionally, we presented a manual annotation benchmark
dataset for the sociological definition of similarity estimates,
which can be used for training and evaluation in future
research in this field. The results of this study can be further
applied to the theory construction of psychology, criminology,
and other social sciences.

The rest of this paper is organized as follows. Section II
briefly reviews the related work. Section III describes the
proposed machine learning model-based semantic analysis
method. Evaluation results and discussions are presented in
Section IV. The conclusion is in the last section.

II. RELATED WORKS

A. Parsimonious Theory Construction

A successful theory is one that, when applied to specific
empirical cases, describes relationships among phenomena,
and explains and predicts the occurrence of certain events.
Good scientific theories include four essential components:
terms, statements, arguments and scope conditions [1]–[3].
Terms are used to build statements; statements are used
to build arguments; arguments apply under a set of scope
conditions. Terms in a theory are carefully chosen by the
theorist to convey ideas or concepts. Definitions are themselves
made of other terms whose meaning must be clear [1], [2], [4].

Wikitheoria is a fully functional knowledge aggregation
web framework hosted on the Google Cloud Platform. It
is built for modularized theory construction in the social
sciences. SOREC is one of Wikitheoria’s sub-systems built
for the purpose of facilitating the construction of parsimonious
theories. Parsimony favors the use of relatively few definitions
(terms), rather than creating new ones, when the user goes to
add the new definitions.

For example, consider the following two definitions for the
term “ambivalence” extracted from the Blackwell Encyclope-
dia of Sociology.

• D1: the presence in one person at the same time of two
competing or conflicting emotions or attitudes

• D2: simultaneous conflicting feels toward a person or an
object

If D1 were in the theory already and the user entered D2 as
a new definition, the semantic recommendation system would
determine whether D2 is in the theory or is similar to D1. If
either is the case, the system recommends using D1. As such,
the system helps safeguard against redundancy and fosters the
more parsimonious theories.

B. Recommendation System

A recommender system is defined as “A system that has
as its main task choosing certain objects that meet the re-

quirements of users, where each of these objects are stored in
a computer system and characterized by a set of attributes.”
[40] It helps users to quickly discover the information they
need in a specific context through information filtering. Most
of these recommendations are implemented in three filtering
methods: collaborative filtering, content-based filtering, and
hybrid filtering [5]–[10].

The collaborative filtering method learns from the users’
past activities and uses their common behavior patterns to
make recommendations that the user may be interested in
[5], [6]. Content-Based filtering focuses on the characteristics
of the recommended item. For example, when searching for
a similar pre-defined definition from the lexicon, the rec-
ommendation output is based on its syntactic and semantic
relatedness [7]–[9], [11]. Hybrid filtering is a combination
of CF and CBF [10]. According to CBF’s prior knowledge,
the main source of information used in content-based filtering
systems is text fragments [7]. A set of encoding methods,
typically TF-IDF are used to present the definitions [37].
However, in our study, a number of semantically equivalent
sociological terminologies are used to construct definitions.
The traditional IR methods work fine on the general domain
but fail to capture the semantic similarity in the sociological
domain. Therefore, natural language processing and machine
learning based models are currently used to analyze, classify
or measure the latent semantic similarity to support the CBF.

C. Semantic Analysis

In recent years, word embedding and sentence embedding
techniques have gained substantial improvement in natural lan-
guage understanding [20], [30]. Mikolov et al. have illustrated
the effectiveness of neural word representations for similarities
and other neural language processing algorithms. For word
similarity measurements, 63.7% and 65.6% accuracy were
achieved by using Continuous Bag of Words and Skip-gram
respectively with the corpus of 1.6 billion words [30]. In 2018,
Cer et al. demonstrated the good performance of Transformer
embedding on semantic similarity tasks [20].

Many efforts have been made to develop semantic textual
similarity datasets and related models [13], [21], [22]. For
example, the SemEval Semantic Textual Similarity (STS)
challenges have been organized for over six years. These chal-
lenges greatly accelerated semantic textual research. Manually
annotated datasets given by STS empowered the improvement
and examination of various methods for semantic similarity
estimation. Many supervised learning models were shown to
be well performed for semantic recommendation [14]–[16].
Diverse features such as WordNet-based sentence distance
calculation and distributed word embedding representations
were shown to perform well for comparable semantic text
similarity computations on the general domain [17]–[19], [39].

III. PROPOSED APPROACH

In this section, we specify the details of our data and provide
the details of the methodology used to perform our analysis.
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The general architecture of our proposed recommendation
process is illustrated in Fig. 1.

Fig. 1. SOREC Recomendation Architecture

A. Dataset

As far as we know, there is neither a similar dataset we
could use nor a similar recommender system or published
research on pairwise sociological definition semantic similarity
computation. We therefore created a benchmark dataset for
this purpose. The dataset includes 2235 definition pairs, in-
cluding 959 positive samples and 1276 negative samples. This
dataset was compiled from the glossaries of a broad range of
sociological books1. These glossaries were used to generate
pairwise comparisons of definitions offered for single terms,
then evaluated by sociologists who judged their similarity
with scores of 0 (different concept) and 1 (same concept).
The SOREC dataset of sentence pairs is publicly available at
http://github.com/mzdu/SOREC.

B. Data Preprocessing

Pre-processing is an essential step to improve the accuracy
of model prediction. It can both reduce the time complexity
for model training and accelerate the system response for
online model predictions. In our study, pre-processing methods
include tokenizing the definitions, removing the stop word
and converting all words to lower case were applied to the
definitions before applying the features analysis. We evaluated
definition similarities based on the character level and term
level briefly described in the following subsections on the basis
of an annotated dataset. The TreeBank tokenizer implemented
in the NLTK toolkit was used to convert a definition sentence
to a list of tokens [32].

1The list of books is available upon request.

C. Feature Extraction with Definitions

Textual similarity metrics detect similarities between the
two definitions. These are then used as features for our
machine learning models. Zobel and Moffat analyzed a range
of similarity measures in information retrieval and found there
to be no one-size-fits-all metric, i.e., no metric that consistently
worked better than others [38]. To optimize our model, we
spent considerable effort on feature engineering, experimented
with the different combination of feature sets and obtained the
best result with the features described below.

1) Descriptive Feature Set: The descriptive feature set
includes basic properties of definition sentences. It presents
observations about the characteristics of definitions. In this
feature set, we calculated their lengths, length difference,
character counts (excluding spaces), word counts, and words
in common.

2) Tokenized Feature Set: In general, replaced words, in-
serted words, and missed words frequently occur in similar
definitions. Tokenized feature set calculates the edit distance
between one definition and another, i.e., the minimum number
of operations that it would take to transform one definition
into the other. We first processed definitions as two sets of
sorted/unsorted token lists, then evaluated the similarity of
pairwise token sets by calculating the minimum number of
primitive operations including insertion, deletion, substitution,
or copying of a character required to convert one string into
the exact match of the other. Specifically, we calculated the
normalized Levenshtein distances [29] of pairwise tokens to
generate the features based on the overlap ratio of unsorted
token sets, the overlap ratio of sorted token sets, the overlap
ratio of an unsorted partial token set and the overlap ratio of
a sorted partial token set. The output ratio is on a 0 to 100
scale.

3) Embedding Feature Set: Tokenized features measure
similarity based on exact matches between isolated words,
but not their semantic meanings in context. The Universal
Sentence Encoder [20] mixed an unsupervised task using
a large corpus together showed significant improvement by
leveraging the Transformer architecture, which is based on
the attention mechanism. We trained our definitions with
Tensorflow Hub2 transformer encoders. Each definition was
transformed into a 512-dimensional sentence vector. With the
Transformer encoded embedding output, we computed the
distance of two definition vectors (u and v) with the kernel
functions shown below.

Cosine Distance [28] between two vectors u and v is defined
as

sim1 = 1− u · v
‖u‖2 ‖v‖2

(1)

Manhattan Distance [28] computes the distance between
two vectors u and v by summing the differences of their

2Avaialble at http://www.tensorflow.org/hub/modules/google/universal-
sentence-encoder-large/3

140



corresponding components, which is defined as

sim2 =
∑
i

|ui − vi| (2)

Jaccard Distance [27] proposed by Jaccard and Needham
measures the dissimilarity between two vectors u and v, is
defined as

sim3 =
u · v

|u|2 + |v|2 − u · v
(3)

Canberra Distance [26] between two vectors is defined as

sim4 =
∑
i

|ui − vi|
|ui|+ |vi|

(4)

Euclidean Distance [33] between 1-D arrays u and v is
defined as

sim5 = ‖u− v‖2 (5)

Minkowski Distance [28] between 1-D arrays u and v is
defined as

sim6 = ‖u− v‖p = (
∑
|ui − vi|p))1−p (6)

Bray-Curtis Distance [34] is defined as

sim7 =
∑
|ui − vi| /

∑
|ui + vi| (7)

Skewness and Kurtosis [41] are the parameters used to
measure the symmetry of the dataset and the weight of the tail
compared to the normal distribution. Skewness is a measure
of the symmetry. If the distribution or dataset appears to be
the same as the left and right sides of the center point, it
is symmetrical. Kurtosis is a measure of tail thickness, i.e.,
distribution with high kurtosis often has a heavy tail or outliers.
Datasets with low kurtosis tend to have a light tail or outliers.

D. Model

With the features we created in Section C, our goal was
to create a relevance model that would accurately predict if a
user added new definition is semantically similar to an existing
definition in the theory. Our model is built with XGBoost,
proposed by Chen and Gestrin in 2016 [35], an optimized
distributed gradient boosting library. Gradient boosting is a
popular technique that can solve complex regression or classi-
fication task by producing and combining a number of weaker
and smaller prediction models in the form of decision trees.
The model is built in stages and generalized by optimizing a
differential loss function.

As a result, gradient boosting combines a number of weak
learners into a single, strong learner on an interactive basis.
In contrast to linear classifiers (such as logistic regression),
decision tree models also can capture non-linear relationships
in data. We estimate the best hyperparameter settings for each
model using a grid search with 10-fold cross-validation on
the training set [36]. Carefully tuning the tree-related hyper-
parameters (such as the maximum depth of a tree) results in
the largest increase of cross-validation F1 score and accuracy.
Tuning the learning rate is effective in preventing overfitting
on the training data. Using a large number of estimators results

Fig. 2. Prediction Workflow

in the best performance overall, with training time increasing
proportionally.

In our experiment, we chose tree booster in XGBoost as
described in this section for all the feature representations’
evaluation, in which max tree-depth was 15, step size shrink-
age was 0.1, n estimators was 800 and minimum loss reduction
was 1.0.

As shown in Fig. 2, first, descriptive features and tokenized
features were extracted from the definition pairs. These two
feature sets were used to directly calculate the similarity of
two definitions with respect to basic properties and edit dis-
tance. Then, these features adopted kernel-based Transformer
sentence encoding to calculate the similarity of two definitions.
All these similarity scores were concatenated as features and
evaluated in the machine learning XGBoost model.

E. Evaluation

For this study, the XGBoost model evaluation was per-
formed using 10-fold cross-validation over 2235 sociological
definition pairs, including 959 positive samples and 1276
negative samples. Each fold contained 1811 definitions pairs
for training, 200 pairs for validation and 224 pairs for testing.

The final result for the supervised semantic content-based
filtering was calculated by averaging the results of each fold.
The quality and correctness of the proposed method is evalu-
ated as 1) True positive (TP), the number of correct predictions
on same concept; 2) True negative (TN), the number of
correct predictions on different concept; 3) False positive
(FP), the number of wrong predictions on same concept; 4)
False negative (FN), the number of wrong predictions on
different concept. The precision (8), recall (9), F-measure (10)
and accuracy (11) were used to evaluate the recommendation
system.

Precision =
TP

TP + FP
(8)
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Recall =
TP

TP + FN
(9)

F −measure = 2 ∗ Precision

Precision+Recall
(10)

Accuracy =
TP + TN

TP + TN + FP + FN
(11)

IV. RESULTS AND DISCUSSION

In this section, we validate the effectiveness of our proposed
method from two experiments. First, we evaluate the proposed
method in terms of classical metrics of precision, recall, F-
measure, and accuracy to justify the usefulness of each feature
set in our method. Second, we break down the results and
compare the improvement with normalized confusion matrix.

A. Precision, Recall, F-measure and Accuracy

In this study, our feature representations are extracted from
three different categories: descriptive feature set (DF), token
feature set (TF) and embedding feature set (EF). TABLE I
shows results for corresponding feature categories that were
used as model input. To evaluate the effectiveness of different
categories, we performed several experiments on different
combinations of feature categories. From the results, both
DF and TF obtained moderate precision, recall, and accu-
racy. Comparing with EF or DF, the range of increase in
precision, recall, and accuracy is 5% to 12%. Between three
categories, our experiments show that the EF contributed more
to the performance compared with other feature sets. When
concatenating EF with DF or TF, the increase in precision
varies from 5% to 15%. This is an expected result because
embedding-based features enclose the transfer learning from
billion words corpus and the measurement from multiple
dimensional spaces. To capture the semantics, EF shows that
it is a promising method for representing definitions as vectors
while capturing semantics. TABLE I shows a significant im-
provement in precision, recall, F-measure, and accuracy when
DF, TF, and EF are concatenated.

The experimental results indicate that the model with a com-
bination of three feature categories outperforms the individual
performance of each category and the combination of any two
categories, which means that these feature sets complement
each other. Although the embedding-based feature set obtained
the strongest performance on precision and accuracy, the
combination of three categories by a supervised algorithm had
the best performance on all metrics. The proposed supervised
semantic analysis model achieves the best precision of 86%,
the best F-measure of 84.42% and the best accuracy of
86.16%.

We also compared Transformer-embedded definitions with
average pooling Google News pre-trained embeddings on the
same XGBoost model described in the previous section. As
shown in TABLE II, Transformer outperforms Word2Vec by
2% on all metrics.

TABLE I
RESULTS ON TEST DATA WITH 10-FOLD CROSS VALIDATION

Model Precision Recall F-measure Accuracy

TF-IDF + W2V + SVD 0.68 0.67 0.5780 0.6741
DF 0.70 0.69 0.5868 0.6919
TF 0.77 0.76 0.6936 0.7633
EF 0.84 0.83 0.8140 0.8348

DF-TF 0.76 0.76 0.7066 0.7589
DF-EF 0.85 0.85 0.8265 0.8482
TF-EF 0.84 0.84 0.8275 0.8437

DF-TF-EF 0.86 0.86 0.8442 0.8616

TABLE II
RESULTS WITH WORD2VEC AND TRANSFORMER

Embedding Precision Recall F-measure Accuracy

Word2Vec 0.84 0.84 0.8258 0.8437
Transformer 0.86 0.86 0.8442 0.8616

B. Usefulness of Each Feature Category

In the previous section, we saw a steady improvement when
three categories were gradually added to the prediction model.
For the rest of this subsection, we conducted a three-step
experiment to justify the usefulness of each feature set and
to inspect the effectiveness of each category.

DF considers the length related descriptions of definitions.
As shown in Fig. 3 and TABLE I, the TP is 49% and TN is
85%. The result is expected, as in the general domain, similar
definitions tend to be of similar length. When definitions
substantially differ in length, the model tends to predict dissim-
ilarity. But in sociology, the “same concept” could be defined
with one short sentence or multiple sentences if terminologies
are densely used to support definitions. In our dataset, the
average length of a definition is 17.87, and the average length
difference between pair definitions is 9.67. The definition pairs
with high relative length difference tend to be harder to predict
correctly for the “same concept.” With DF representation, the
model achieved an average accuracy of 69.19% and F-measure
of 57.8%.

Next, we validate the usefulness of TF. For the tokenized
feature set, we calculated the edit distance between one
definition and another. As shown in Fig. 4 and TABLE I, with
DF and TF, the recommendation quality for correctly recom-
mending the “same concept” definitions have been improved
by 16%. The F-measure is 11.97% higher than the previous
step, and the prediction accuracy achieves 75.89%.

With the added EF, from Fig. 5 and TABLE I, we see a
19% improvement on TP and 4% improvement on TN. 84% of
“same concept” definitions are correctly predicted, and 88% of
“different concept” definition pairs are also correctly predicted.
This indicates the sociological semantic relatedness could be
well represented by calculating the embedding distance from
multiple dimensions. The F-measure is improved by 1.67%,
and the best prediction accuracy achieves 86.16%.

As shown in Fig 6, the baseline recommendation sys-
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Fig. 3. Prediting with DF

Fig. 4. Prediting with DF and TF

tem is based on the TF-IDF, Word2Vec and Singular Value
Decomposition (SVD) model. To evaluate the performance
of the baseline model, we encoded definitions with TF-IDF
Word2Vec, applied SVD, then fed them to the same XGBoost
model we constructed in Section III. From Fig. 6 and TABLE
I, this model shows a weak ability to predict “same concept”
definitions with TP of 50%. Comparing with the baseline
model, the proposed semantic content-based recommender
system improves the lexicon semantic similarity recommen-
dation and achieves the best performance.

V. CONCLUSION

In this study, we proposed a novel semantic content-based
recommender system for sociological theory construction. To
the best of our knowledge, there is neither a similar rec-
ommender system nor published research on the semantic
evaluation of sociological definitions. We demonstrated the
need for a semantic recommender for semantic level analysis
and the effectiveness of our proposed approach to understand
the semantic similarity of terminologies and definitions in the
sociological domain. Another important contribution of this
study is to provide a solid baseline as well as a sociologists-
annotated benchmark dataset for future studies in this research
area.

Our results revealed that the descriptive features, the edit
distance based tokenized features and the kernel function
based embedding features complement each other. Particularly,

Fig. 5. Prediting with DF, TF and EF

Fig. 6. Prediting with TF-IDF, Word2Vec and SVD

the high-level features consist of the embedding vector dis-
tances calculated from unsupervised kernel functions with the
help of an XGBoost model increased the overall performance
of the recommender system.

The sociologists annotated dataset is publicly available on
Github. The proposed CBRS is deployed and serving as a part
of Wikitheoria platform. Theory construction is a common
research process in a lot of human science-related disciplines,
such as Psychology, Criminology, etc. Our sociology-domain
specific semantic sentence-level similarity measures can also
be applied to various applications for parsimonious theory
construction in these disciplines.
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